Purpose: There is widely recognition of the need to effectively consume the energy, particularly in energy deficient countries. The effective use of energy requires that one must know the current efficiency level, so appropriate measures may be taken to make the efficient use of energy. Present study in an attempt to measure the energy efficiency and determinants of energy efficiency in fourteen selected developing economies of Asia for the time period 2007 to 2013. DEA double bootstrap technique has been used for estimation purposes. The results of bias corrected energy efficiency indicate that there is not even a single economy that is fully energy efficient over the period under consideration. After measuring the energy efficiency, truncated regression analysis is utilized to find the determinants of energy efficiency. The results indicate that industrial share and per capita income have positive effect on energy efficiency, while corruption, political instability and voice and accountability have negative impact on energy efficiency. So there is dire need to control corruption, political stability needs to be resorted and voice and accountability system needs to be redefined. 
Introduction
Energy efficiency measurement has become an important component of energy strategy in many countries, especially the energy-deficient ones. Many countries recognized the need to understand, how effectively energy was being consumed in their economies, so that they can increase energy efficiency. To serve these purposes, there is need to measure the energy efficiency with an appropriate technique and then its determinants to show the variation in energy efficiency. Efficiency analysis is also used in cross country comparisons to explain differences in energy performance among countries and for international benchmarking.
Energy intensity and energy efficiency are the two well-known energy efficiency indicators that are commonly used in macro level policy analysis. Energy intensity is defined as the energy consumption divided by the economic output, and energy efficiency is the reciprocal of energy intensity. These traditional energy efficiency indicators take energy consumption in to account as a single input that produces an economic output as no output would be produced by using a single energy input, without any other inputs (see, e.g., Mukherjee, 2008b) ; therefore, some other key inputs are ignored, such as capital and labor. Energy consumption must be combined with other inputs to produce an economic output, and Zhang et al., (2011) said that substitution effects exist between energy and other input factors (e.g., labor and capital stock). If energy consumption is evaluated in terms of partial factor energy efficiency, the result is a misleading estimate (Hu and Wang, 2006) . To overcome the disadvantage of partial factor energy efficiency, an increasing number of researchers have devoted themselves to analyzing the total factor energy efficiency using DEA. gave an extensive review of 100 studies published from 1983 to 2006 that have used DEA methodology in energy and environmental studies. According to that survey, 72 of these publications were made between 1999 and 2006, which indicates a rapid increase in using DEA methodology, while they also indicated the use of bootstrap technique of Simar and Wilson (1998) , which is used to conduct a sensitivity analysis on the DEA efficiency scores.
There are two general approaches to measure the efficiency: parametric and nonparametric. The parametric approach requires specifying and estimating a parametric production or cost frontier. The main strength of the parametric or stochastic frontier analysis (SFA) is its incorporation of stochastic error, and therefore allowing for hypothesis testing. The disadvantage of this approach is the need of imposing an explicit functional form and distributional assumption of the error term. Hence, the SFA is sensitive to the selection of the parametric functional form.
The nonparametric approach, e.g. Data Envelopment Analysis, has the advantage of imposing no prior parametric restrictions on the technology and thus is less sensitive to misspecification. It is also not subject to assumptions on the distribution of the error term. However, because DEA is a deterministic approach, all deviations from the estimated frontier are assumed to be the result of inefficiency, making it sensitive to measurement errors and data noises. To overcome the limitations of the deterministic nature, bootstrapping methods can be used to produce confidence intervals for the efficiency estimates and allow hypothesis testing.
In explaining variation in efficiency, a second-stage regression analysis is typically used to examine the effect of environmental factors on the estimated efficiency. Chilingerian (1995) , Ruggiero and Vitaliano (1999) , and Mukherjee (2008a) , among others, carried out the second-stage regression analysis. According to Simar and Wilson (2007) , the coefficient estimates obtained by the above studies may not be consistent, since these studies used OLS and/or Tobit regression and have not taken into account the serial correlation of the efficiency estimates. Instead, Simar and Wilson (2007) propose a double bootstrap procedure which can produce consistent estimates of the regression coefficients and provide valid confidence intervals for the estimates. In the present paper, the double bootstrap will be adapted and applied to our regression analysis.
However, it is not sufficient to measure the energy efficiency only without determining its sources. This study measures energy efficiency scores of Asian developing countries and also assesses its determinants. There is hardly any study that has estimated bias-corrected energy efficiency scores of Asian developing countries and also considered its sources. This will be the perhaps the first study to evaluate the energy efficiency and its determinants by applying the DEA double bootstrap.
The remaining of the study is ordered as follows: Review of literature is given in section II. Section III provides methodological framework and describes sources of data. Empirical results are interpreted in Section IV. Section V consists of conclusions and policy recommendations. Geller et al., (2006) critically analyzed the energy intensity behavior for major OECD countries from 1973 to 2002. They tried to evaluate that reduction in energy intensity was because of energy efficiency or because of structural change. They also analyzed the policies related to the energy efficiency and concluded that well planned policies could produce result in the form of energy saving. They presented the case of USA and found that 9 policies reduced energy usage almost 11% in 2002 and the same result was showed for Japan, California and European Union. They recommended that minimum efficiency standards would be maintained and consumer behavior needed to be changed toward the less usage of energy appliances etc. Ang (2006) critically analyzed the various energy efficiency indicators like energy intensity, energy coefficient and energy elasticity and found that these indicators were misleading to determine the energy efficiency. He briefly discussed the energy intensity to define that it is not worthwhile due to the denominator, GDP, which lieu of different activities and further explored that change of energy intensity rather better than simple energy intensity. After finding these indicators wrong, he used the index decomposition analysis to derive the economy-wide composite energy efficiency and concluded that this composite energy index is better than classical energy efficiency indicators. Hu and Kao (2007) measured the energy efficiency for seventeen APEC countries over the period of 1991 to 2000. The applied the input oriented DEA for measuring the energy efficiency in the framework of total factor by utilizing the three inputs (labor, capital and energy) and one output (GDP) and then suggested the energy saving targets (EST) for APEC economies in every year from 1991 to 2000. They found that China was less energy efficient i.e. it has largest EST while Hong Kong, Philippine and USA has lowest EST i.e. they are highly energy efficient. They also found that there was generally increasing trend of energy efficiency in APEC economies. Lee and Chang (2008) tried to find out the causal relationship between GDP at constant prices and the energy consumption by taking the data of sixteen Asian countries for the period of 1971-2002. They applied the heterogeneous panel co-integration and panel based ECM to analyze the causal relationship between these core variables within multivariate function in which capital formation was used as a proxy of capital input and labor was taken another input. They found in long run that there was positive unidirectional co-integrated relationship from energy consumption to GDP at constant prices by taking the heterogeneity effect of countries while there was not any causal relationship in short run. The same result was found after dividing the Asian countries in regional groups like APEC and ASEAN. measured the energy efficiency of 21 OECD economies for the period of 1997 to 2001. They applied DEA linear programming models to construct economy wide energy efficiency index for measuring the energy efficiency by using six inputs (capital stock and labor force as non-energy inputs and coal, oil, gas and other energy as energy inputs) and two outputs (GDP as desirable output while CO 2 as undesirable output). They compared the results of energy efficiency performance index and weighted average energy utilization performance index and found that latter one have greater discriminating power as it also included the energy mix effects. They found that mean energy efficiency of countries had been changed over the period of time under both index versions. Honma and Hu (2008) measured the energy efficiency in total factor framework of forty seven administrative regions in Japan over the period of 1993 to 2003. They used the DEA for computing energy efficiency by using 14 inputs, including 11 energy inputs, and one output (regional GDP). They found that 29 administrative regions were fully efficient out of 47 prefectures over the entire period of time in case of overall technical efficiency scores and found that these regions had shared same features. They also estimated the connection between energy efficiency and per capita income after dividing the regions in four categories (low, lower middle, upper middle and high income) and discovered the U-shaped relation between energy efficiency and per capita income. Wei et al. (2009) measured the energy efficiency of 29 provinces of China over the period of 1997-2006. They applied DEA to estimate the energy efficiency index by using three inputs (labor, capital and energy consumption) and one output (GDP) and found that there were highly differences in energy efficiency of all provinces. Further, they tried to find out the impact of different determinants on the level of energy efficiency in regression analysis and found that government expenditure, state owned economic portion and industry share in GDP had negative impact on energy efficiency while technical level and non-coal part in energy consumption had positive impact on energy efficiency. Zhang et al., (2011) measured the energy efficiency of 23 developing countries over the period of 1980 to 2005. They used the DEA window for energy efficiency analysis by utilizing the three inputs (labor, capital and energy consumption) and one output (GDP). They found that there was prominent variation in the score of total factor energy efficiency relating to different developing countries. They found that Syria, Kenya, Philippine and Sri Lanka showed worst performance in energy efficiency and China was the rapid growing country among the countries which had the increasing trend in energy efficiency. Further, they applied the Tobit Regression to find out the relationship between income per capita and energy efficiency and found that there was u-shaped relationship between them. Zhou et al., (2012) measured the economy wide energy efficiency of 21 OECD countries for the year of 2001. They applied the stochastic frontier approach (SFA) to measure the energy efficiency index from the production point of view by utilizing the three inputs (labor, capital and energy) and one output (GDP). They also used the DEA technique to measure the energy efficiency index for the purpose of making comparison between both techniques. They found that only Italy was the fully efficient country in case of SFA and six countries were efficient in case of DEA by following the VRS. So, they concluded that SFA presented the more consistent and robust results as compare to DEA. Song et al. (2013) measured the energy efficiency of BRICS' countries by taking the data over the period of 2009 and 2010. They employed the Super-SBM model to measure the energy efficiency by utilizing the three inputs (labor, capital and energy consumption) and one output (nominal GDP). They also bootstrapped the efficiency scores of DEA and finally, measured the connection between energy efficiency and carbon emission. It is found that overall BRICS' economies have low energy efficiency but increasing trend over the period of time and China was the most efficient country with respect to energy efficiency among them. They also found that the impact of carbon emission on energy efficiency vary from one economy to other economy due to the varying energy structure of each country. Charnes et al.,'s (1978) and Fare et al.,'s (1985) linear programming models provided the base for the production efficiency analysis. Those techniques are known as data envelopment analysis (DEA), where the convexity assumption is adopted in the literature. Charnes, Cooper, and Rhodes (1978) developed the DEA and further modified by Banker et al., in 1984 which based on the frontier efficiency concept first defined by Farrell (1957) . It is a non-parametric technique and used for measuring the efficiency of decision making units. It does not demand assumption of any specific functional form with respect to the inputs and outputs or the setting of weights for the various factors. DEA creates an efficient frontier for every observation. The maximum output can be obtained empirically by a given set of inputs. We are not going to take general overview of DEA here, for this see Coelli et al. (2005) .
Review of Literature

Methodology
Data Envelopment Analysis and double bootstrap
The output oriented variable returns to scale (VRS) model will be employed for measuring the technical energy efficiency estimates because constant returns to scale (CRS) is utilized where economies or different sectors operate at their optimal scale. There is various considerable events relating to this study which show that economies are not working at their optimal scale due to the presence of national constraints, different size of economies, and imperfect competition among the economies. For each and every country, output oriented DEA energy efficiency estimator Ɵ̂v rs can be attained for any data set (X i , Y i ) by solving the coming linear programming equation.
In equation (1), X and Y are used as inputs and outputs respectively and i=1…..,n is the specific country. The Ɵ is the efficient level of output, Ɵ is the scalar and ¥ is the non-negative vector of constant defining the optimal weights of inputs to outputs. The attained value of Ɵ̂v rs is the technical energy efficiency estimate for ith country. In case of output oriented, output should be increased for getting the higher technical energy efficiency by a given set of inputs where Ɵ̂v rs =1 means that the economy is considered fully efficient while Ɵ̂v rs <1 means that the economy is not fully efficient and it is required to enhance output from the given set of inputs for reducing the inefficiencies for each economy.
There are two things to be noted relating to the above equation (1). First, in the linear program, VRS is assumed and second, Simar and Wilson (2000) observe that Ɵ̂v rsi is the downward biased estimator, as economy frontier can be underestimated. Due to limitations of DEA, the smooth bootstrap technique of Wilson (1998, 2000) is applied in this study for getting the bias-corrected energy efficiencies and their confidence intervals accompanied by the DEA with bootstrapping approach.
The estimated bias-corrected energy efficiencies in the first stage are left truncated by 1. In the second stage, a single truncated regression with bootstrap will be employed for regressing these efficiency scores of all countries against a set of explanatory factors in the following truncated maximum likelihood regression model.
In Eq. (2), b is the constant term, ε i is statistical noise, and z i is a vector of specific variables (these are known as environmental variables) for economy i that is expected to be related to the economy's efficiency score.
Why double bootstrap?
There appear only few results for the sampling distribution of interest. This is for this reason that bootstrap techniques are adopted by Wilson (2000, 2007) . The concept behind the bootstrapping is very simple i.e. Simulate the sampling distribution of any specific object by mimicking the data generating process (DGP). The DGP that gives the logic for Simar and Wilson's (2007) double bootstrap is the DEA model represented by eq. (1) and the second step truncated regression described by Eq. (2).
To apply the bootstrap procedure, it is assumed that the original sample data is produced by the DGP and that we can simulate the DGP by using the 'new' or pseudo data set that is derived from the actual data set. Then DEA model is re-estimated by incorporating this new data set. It is possible to derive an empirical distribution of bootstrapped values by doing this process again and again which provides a Monte Carlo approximation of the sampling distribution and also help out in inference measures. The efficiency of the bootstrapped methodology and the consistency of the statistical inference significantly depend on how well it specifies the true DGP and on the exact re-sampling simulation to copy the DGP.
The Simar and Wilson's (2007) algorithm 2 of bootstrap procedure is employed in this study that provides inference about coefficients and consist of the following seven steps.
Step 1-Calculate the DEA output oriented efficiency score Ɵ̂vrs for each and every economy in sample data set, using Equation (1).
Step 2-Maximum likelihood method is used to calculate the truncated regression of Ɵ vrs on z i to estimate the ̂a nd ̂
Step 3-for each economy i=1…, n, repeat the coming four steps (a-d) N times to yield a bootstrap estimate (Ɵ̂i ,b b=1….N) a) Draw ε i for each i=1…,n, from N(0, ̂ε) with left truncation. 
Step 5-Maximum likelihood method is employed to calculate the truncated regression Ɵ̂i on z i to provide the ̂a nd ̂
Step 6-Repeat the next three steps (a-c) N 2 times for getting the bootstrap estimates [{̂̂ * and ̂ * , b=1…N 2 }] a) Draw ε i for each i=1..., n, from N (0, ̂) with left truncation. b) Compute Ɵ ** = z î+ ε i for each i=1…., n. c) For estimating the truncated regression * * on z i , again the maximum likelihood method is used for getting the ̂̂ * and * Step 7-use the bootstrap results to construct the estimated confidence interval for each element of ̂a nd ̂ε.
Selection of data
Different inputs and outputs are incorporated in various studies for energy efficiency analysis but in this study three inputs (total labor force, gross fixed capital formation and energy consumption) and one output (real GDP) are selected for measuring efficiency. Data has been collected for following countries: Bangladesh, China, India, Indonesia, Japan, Korea, Rep., Malaysia, Nepal, Pakistan, Philippines, Sri Lanka, Kazakhstan, Thailand and Turkey from 2007 to 2013 from World Development Indicators (WDI) and World Governance Indicators (WGI). Data for percentage of industrial share in GDP, per capita income as determinants of energy efficiency is collected from WDI while data for corruption, political instability and voice and accountability is collected from World Governance Indicator. One dummy variable is introduced to check the impact of financial crisis for 2008 and 2009.
Estimations and interpretation of results
In the first step of the DEA double bootstrap technique, original DEA and bootstrapped VRS technical energy efficiencies of 2007 to 2013 are estimated and presented in table 4.1 along with confidence intervals. As it can be noted that original DEA energy efficiency estimates exaggerate the efficiency scores and underestimate the frontier as Simar and Wilson (2000) describe the limitations of DEA and it can also be seen from estimated results that DEA exaggerates the results while bias-corrected efficiencies (which is referred as BC in the following table) which are obtained after 2500 simulations, correct the energy efficiency scores and remove the biasness of exaggeration from the results. The main feature of these estimations is that they also lie in the following confidence intervals while DEA does not lie in the interval because it underestimates the frontier and it is assumed to touch the frontier before reaching to the actual one.
As in this study output oriented DEA Bootstrap technique is used to measure the energy efficiency estimates in 1st stage, the energy efficiency score 1 represents the technically fully energy efficient country while estimated efficiency score less than 1 shows the inefficient or less energy efficient country.
In case of output oriented model, different set of output is produced by utilizing same set of inputs. So, for minimizing the inefficiencies, maximum level of output should be obtained with the fixed set of inputs. Table 4 .1 shows the results of Asian developing countries for the period of 2007 to 2013 and it is found that there is not any country is fully efficient over the whole period in case of bias corrected technical energy efficiency case while some are fully efficient in case of DEA because DEA exaggerates the estimates as Simar and Wilson (2000) described the deficiency of DEA. It can be noted that after 2007 the energy efficiency started to deteriorate over the period then it is improved in 2013. This phenomenon depicts the picture of worldwide crisis. In the results of second stage, where coefficients are bootstrapped 2500 times, some interesting results are found in the scenario of this study. It is found that percentage of industrial share in GDP has positive relation with energy efficiency and per capita income (PCI) also has positive relation with energy efficiency. Increase in industrial share may enhance energy efficiency due to the reason that as industrial share increases, economies of scales will be achieved which will enhance energy efficiency. Increase in industrial share may also enhance per capita income which also has been found enhancing the energy efficiency. Zhang et al. (2011) found U-shaped relationship between total factor energy efficiency and gross national income per capita which showed income per capita had negative impact initially due to the industrial growth until a certain point. But U-shape relation showed that energy efficiency will increase after certain point due to the increase of per capita income. In present study there is no evidence of Ushape relation between energy efficiency and per capita income which may be due to the reason that most of the economies under consideration are emerging economies and they may have already achieved that certain point of industrial growth so there is only positive relation found. Corruption has been found negatively related to the energy efficiency which may be due to the reason that corruption promotes malpractices and retards efficiency. Fredriksson et al. (2004) explained that corruptibility of policy makers will reduce the energy policy stringency. It is found that political instability also has negative impact on energy efficiency which may be considered according to expectations as more political instability leads to a volatile socio-economic environment which disrupts the efficient use of energy. Voice and accountability depicts very interesting and surprising result which indicates that voice and accountability has negative and significant effect on energy efficiency. As proxy for voice and accountability used in this study is defined as voice and accountability Reflects perceptions of the extent to which a country's citizens are able to participate in selecting their government, as well as freedom of expression, freedom of association, and a free media. Voice and accountability may have negative impact due to improper use of these rights. Lastly the dummy used for the financial crises depicts no significant impact in this study.
Conclusion
This study has been aimed to estimate the technical energy efficiency of fourteen selected Asian countries for the period of 2007 to 2013. As energy efficiency measurement has become an important component of energy strategy in many countries, especially for the energy-deficient countries. So every government is concerned to analyze the energy efficiency and to know how well its economy is energy efficient, so they may find the ways to make efficient use of energy. There are numerous techniques to measure the energy efficiency while DEA double bootstrap is applied to measure the technical energy efficiency and its determinants in this study because of its superiority over other existing techniques. DEA double bootstrap approach measures the bias-corrected energy efficiency scores and determinants of efficiency. While DEA measures the biased efficiencies and it exaggerates the efficiency scores as can be observed from present study that DEA energy efficiency scores do not lie in the confidence interval and these scores are beyond the interval due to the bias which exists in DEA scores while bootstrapped efficiency scores lie within the confidence interval and these are bootstrapped by 2500 iterations.
The results indicate that no country is fully energy efficient over the whole period of estimations in case of bias corrected energy efficiency. It is found that energy efficiency of every country deteriorated over the period of time then started to rise in last period. After measuring the energy efficiency, truncated regression analysis is utilized to find the determinants of energy efficiency.
In second stage, coefficients are bootstrapped 2500 times, it is found that industrial share and per capita income have positive effect on energy efficiency while corruption, political instability and voice and accountability have negative impact on energy efficiency. It is found in this study that dummy of financial crises has not any significant impact.
